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A B S T R A C T   
Despite their potential as a naturally-available clean energy option, the renewable energy resources of the 
Democratic People’s Republic of Korea (i.e., North Korea) have rarely been evaluated. Therefore, to estimate the 
availability of land surface solar irradiance necessary for solar applications and to model available energy po-
tential, physically-based models drawing on Communication, Ocean and Meteorological Satellite (COMS) data 
and associated statistics for key atmospheric constituents, were employed. To assess wind energy resources, 
model output statistics (MOS) were integrated from post-processed Local Data Assimilation and Prediction 
System (LDAPS) variables, thereby removing any systematic bias arising from long-term regression methods. The 
root mean square error (RMSE) and mean bias error (MBE) served to compare pyranometer- and satellite-sourced 
solar radiation, under instantaneous (87.90 W m  2 and 16.84 W m  2, respectively) and daily ‘all sky conditions’ 
(624.98 Wh m  2 d  1 and 13.89 Wh m  2 d  1, respectively). These low values indicate that satellite-based solar 
irradiance is sufficiently accurate to be used to model future land surface solar energy in North Korea. In the 
evaluation of wind energy resources, daily wind speeds obtained from Numerical Weather Prediction (NWP) 
reanalysis fields showed good accuracy compared to a meteorological tower measurement (RMSE ¼ 0.37 m s  1 
and MBE ¼ 0.24 m s  1). In the study region, mean wind energy potential (from 2013–2015) was 3.44 kWh m  2 
d  1, whereas solar energy potential was slightly lower at 3.36 kWh m  2 d  1; this can be attributed to the nation’s 
mountainous terrain and high latitude. Although the region’s mountainous terrain may be an obstacle for future 
development of renewable energy infrastructure, these initial annual mean solar and wind power density results 
illustrate the significant renewable energy potential of North Korea. This situates the country in a position to 
promote the United Nations Sustainable Development Goal (SDG #7) of integrating cleaner and more sustainable 
energy resources through solar and wind power.   
1. Background review 
Actively promoted by the United Nations Development Program’s 
(UNDP) Sustainable Development Goal (SDG) # 7 for 2018–2021, 
renewable energy technologies have attracted the attention of re-
searchers worldwide [1,2]. The UN’s SDG strategy has empowered 
many nations to promote cleaner energy options across urban, rural and 
isolated or semi-isolated regions [3]. In 2015, renewable energy, drawn 
from several alternative resources (e.g., sunlight, wind, hydro and 
biomass), accounted for, approximately, a 60% net addition to the 
global power generating capacity, a portion far greater than that of fossil 
fuels [4]. Since then, the renewable energy sector has grown steadily 
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[5]. The increase in global renewable energy demand, especially for 
solar and wind technologies, can be largely attributed to improvements 
in renewable energy technologies advocated by SDG 7; compared to 
conventional fossil fuels, these technologies produce much less CO2 
emissions [1,6–9]. Moreover, these new energy technologies are actively 
promoted under the UN energy initiatives which strive to make all 
renewable energy technologies more competitive [10]. 
The Democratic People’s Republic of Korea (i.e., North Korea) is, by 
many accounts, politically-, socially-, and scientifically-isolated. 
Consequently, it can be challenging to acquire reliable scientific infor-
mation (i.e., data gathered through measurements) related to the future 
potential of renewable energy resources in the region. Moreover, the 
country itself has not evaluated its renewable energy resources on a 
national scale. Based on a 2017 CIA report, about 18,400,000 people in 
North Korea live without electricity, corresponding to an electrification 
rate of only 30% across the entire population [11]. The lack of electricity 
contributes significantly to the challenges facing the people of North 
Korea. The main sources of electrical energy in North Korea are hy-
droelectric plants and fossil fuels, which account for approximately 55% 
and 45%, respectively, of the total installed capacity [11]. Notably, the 
availability of electricity in North Korea often decreases during the 
winter, when the main river systems that drive hydropower generation 
freeze, limiting the production of useable power from hydroelectric 
plants. Official reports on other sources of electrification, especially on 
the potential of renewable resources, are not readily available [11]. 
Recent reports describe North Koreans installing low-cost household 
solar panels to harvest solar energy to address issues of electrical energy 
insecurity [12]. Unlike hydroelectric and fossil fuel sources, which, 
under government regulations, are prioritized for large facilities and 
political areas, solar panels are considered an effective means to resolve 
the North Korean power shortage. Wind power, another potential 
resource, is also proving to be a commercially viable energy technology 
with a very low CO2 footprint [13]. However, given the technological 
difficulties associated with wind farm facilities, the harvesting of wind 
energy in North Korea, particularly in remote locations, has yet to be 
explored. 
The support of international organizations along with that of nearby 
countries (e.g., the Republic of Korea, a.k.a. South Korea), will be 
essential in aiding North Korea’s transition to an energy secure future. 
Infrastructure and technology transfers will be important in this effort. 
The extent of North Korea’s isolation under the current regime makes 
this challenging; however, North Koreans still require access to inter-
national relief to alleviate their electricity shortages. Aid that benefits 
the regime (e.g., aid targeted at addressing food shortages) is often 
prioritized as it provides a useful supply for the North Korean military. 
Renewable energy facilities, on the other hand, especially those used to 
produce solar and wind power, are unlikely to be prioritized by the 
North Korean government as they cannot be used for military purposes 
due to their relatively low maneuverability and power production [14]. 
According to a survey conducted by panels of experts from various 
disciplines and affiliations [15], a contribution of renewable energy by 
South Korea is considered the best sustainable energy solution for North 
Korea’s chronic energy shortage. However, as mentioned, it is currently 
difficult to acquire official statistics to continuously and quantitatively 
monitor the entire nation of North Korea with high spatial and temporal 
resolution. 
The present study aims to create an overview of the size and 
spatiotemporal distribution of potential renewable energy resources, 
mainly sunlight and wind, over the entirety of North Korea. Data were 
drawn from satellite imagery and reanalysis of Numerical Weather 
Prediction (NWP) data, as well as ground measurements taken near the 
borders of North Korea. Solar energy resources derived from satellite 
based-remote sensing data, and wind energy capacity calculated 
through NWP reanalysis, allowed for a scientific and quantitative esti-
mation of North Korea’s exploitable renewable resources. Among the 
various methods [16,17], a satellite-based physical model was adopted 
Fig. 1. (a) Map of North Korea, the location of meteorological (ground) stations 
with pyranometers (red dots), meteorological measurement tower (blue star) 
and digital elevation in the right vertical bar. (b) A photograph of the meteo-
rological measurement tower located in Boseong, South Korea. (For interpre-
tation of the references to color in this figure legend, the reader is referred to 
the Web version of this article.) 
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to monitor North Korea’s more inaccessible regions and generate as 
much relevant — particularly in terms of atmospheric conditions — high 
spatiotemporal resolution solar radiation information as possible. In 
North Korea, where ground pyranometer measurement networks are 
non-existent or access to their data is restricted, indirect evaluation of 
solar radiation is generally difficult, whether through interpolation 
methods [18,19], or through optimization of secondary parameters for 
use in empirical methods or data-driven (black-box) models drawing on 
ground records [20–23]. Therefore, the Communication, Ocean and 
Meteorological Satellite (COMS) Meteorological Imager (MI) channel, 
integrated within a physical model, was selected to both reflect the 
complex optical effects of ozone, water vapor, aerosols, and clouds on 
the atmosphere, and validate estimated solar radiation parameters by 
ground truthing at sites in South Korea (COMS MI observation coverage 
area). Geostationary satellites are particularly suited to investigate 
otherwise inaccessible portions of North Korea as they allow for the 
monitoring of hourly variations in cloud cover, and offer a broader 
coverage than high resolution commercial or polar orbit satellites. 
Unlike global solar radiation, wind speeds are mainly influenced by 
topography and elevation; accordingly, many studies have used high- 
resolution NWP modelling rather than satellite-based products to 
generate wind resource data, especially for terrestrial regions [24–26]. 
The scale of NWP modelling for wind resource estimation depends on 
the spatial scale of the area of interest (AOI). In general, a micro-scale 
classical computational fluid dynamics (CFD) code coupled with an 
NWP model serves in evaluating wind resources at the plant scale [27], 
whereas mesoscale NWP models drawing on observed data are widely 
used to determine the optimal location of wind power resources at the 
national scale [28–30]. Although NWP models can be adjusted accord-
ing to the spatial scale or purpose, systematic errors can still arise given 
the scarcity of actual data on wind turbine blade rotation intervals that 
ultimately determine the amount of wind power generated [26,31]. To 
address these issues, the NWP model’s physical analysis technique can 
be improved, or statistical corrections (e.g., regression correction and 
ensemble) can be applied in post-processing after simulating wind re-
sources with the NWP model [32–34,35]. In the present study, a 
statistical correction algorithm was applied for simulating wind power 
resources at turbine height, based on NWP and satellite data. 
Ground measurements, such as pyranometer and anemometer 
datasets, are accurate references with high temporal resolution for solar 
and wind energy resources, and are often applied for validation (ground 
truthing) of satellite-based products or optimization of NWP model al-
gorithms. However, it is difficult to evaluate renewable energy resources 
for large areas, and such information is potentially useful only as a point 
representation of observed outputs. While remote sensing and NWP 
models using spatial data are effective tools for estimating an area’s 
potential resources, their outputs are spatially-estimated values, not true 
values. Therefore, potential renewable outputs from satellites and NWP 
models should be used in tandem with ground measurements to validate 
the estimates [36]. To verify the applicability of the suggested algo-
rithms to the inaccessible areas of North Korea, the reliability of the 
estimates was confirmed by making full use of ground measurements at 
meteorological stations in South Korea immediately adjacent to North 
Korea. 
2. Materials and methods 
2.1. Characteristics of the study area 
Located in East Asia and bordered to the north by China and Russia 
and to the south by South Korea, North Korea extends over 120,408 km2 
(37�N to 43�N lat. and 124�E to 131�E long.) and ranges in elevation 
from sea level to 2744 m (Fig. 1a). Roughly 80% of North Korea is 
covered by mountains and uplands, suggesting a high potential for wind 
power. North Korea experiences the combined influence of dryland and 
oceanic climates. The dominant climate is humid continental, according 
to the K€oppen climate classification scheme [37]. Winters bring clear 
weather interspersed with snowstorms as a result of northern and 
northwestern winds that blow in from Siberia. During the summer, the 
Korean Peninsula receives 60% of its annual rainfall from southern and 
southeastern monsoons, termed Jang-Ma [38]. Owing to its high lati-
tude, during the winter season the country receives little solar radiation; 
however, this remains a more valuable energy source than hydropower, 
as North Korea’s small- and medium-sized hydropower plants cannot 
operate when rivers are frozen, a relatively common condition given the 
country’s geography and terrain. 
Satellite and ground pyranometer datasets were the primary sources 
for solar radiation estimation and ground truthing. South Korea’s first 
geostationary satellite, COMS, provides data of observations over the 
Korean Peninsula and the larger Asia Pacific region at up to 15-min 
intervals over 24 h. It is a significant contributor to regional weather 
forecasts and early warnings of high-impact weather events, such as 
typhoons and torrential rains [39]. Details regarding its functions and 
outputs are given in Table 1. 
A total of 37 ground station pyranometers (Model CM21, Kipp & 
Zonen, Delft, Holland) [40], installed across the Korean Peninsula (red 
dots in Fig. 1a), served as sources of validation data to assess the accu-
racy of satellite-based insolation readings. The pyranometer dataset 
available from the Korea Meteorological Administration (KMA) provides 
hourly measurements. 
Analysis of wind energy potential was a primary objective of the 
present study. Accordingly, Local Data Assimilation and Prediction 
System (LDAPS) NWP data and measured data were obtained from the 
Boseong meteorological tower (Fig. 1b) — a 307 m tall three- 
dimensional weather observation system bearing convectional and 
ultra-sonic anemometers as well as other devices (Table 2) — situated at 
the Boseong Global Standard Observatory and operated by the National 
Institute of Meteorological Sciences of the KMA. These data were 
employed to develop NWP output statistics (Fig. 2b) as well as to vali-
date the NWP. The LDAPS provide output at 3-h intervals [41]. 
Table 1 
Specifications of geostationary Communication, Ocean and Meteorological 
Satellite (COMS) Meteorological Imager (MI).  
Mission 
characteristics 
Information Spatial Resolution 
Design lifetime 7.5 years from the end of in-orbit test 
Orbit type Geo-synchronous 
Spectral channels Visible channel (550–800 nm) 1 � 1 km spatial 
resolution 
Infrared 1 channel 
(10,300–11,300 nm) 
4 � 4 km spatial 
resolution 
Infrared 1 channel 
(10,300–11,300 nm) 
4 � 4 km spatial 
resolution 
Water vapor channel 
(6500–7000 nm) 
4 � 4 km spatial 
resolution 
SW infrared channel 
(3500–4000 nm) 
4 � 4 km spatial 
resolution  
Table 2 
Specifications of the Boseong meteorological tower.  
Characteristics Information 
Location 34.764�N, 127.213�E 






Rainfall, Relative humidity, 
Greenhouse gas, Sonic anemometer, 
PM10, PM2.5, Air pollutants, 
Radiation  
Wind speed and 
direction 
Sensors at 11 levels (10, 20, 40, 60, 
80, 100, 140, 180, 220, 260, 300 m)  
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2.2. Physical model algorithms for surface solar insolation using COMS 
MI satellite data 
North Korean solar radiation was estimated using COMS MI geo-
stationary satellite data that reflected the atmospheric conditions of the 
study area. Pixel-based solar radiation outputs were used given the 
difficulty in interpreting the effects of atmospheric constituents and 
clouds on radiation, and the complex physical characteristics and time- 
consuming calculations necessary to do so [42,43]. Therefore, the cur-
rent researchers adopted a pixel-based physical model optimized with 
COMS MI among various satellite-based solar radiation models [44–46]. 
A flowchart of the solar radiation algorithm integrated with the 
COMS MI spectral data (Fig. 2a) shows how: (i) exo-atmospheric (or 
‘total’) solar irradiance is calculated based on the Earth-Sun distance 
and solar zenith angle, and (ii) atmospheric parameterizations consid-
ering direct irradiance, diffuse irradiance due to aerosols, and Rayleigh 
scattering are integrated. Given the reliability of MODIS outputs (e.g., 
MOD04_L2, MOD05_L2, and MOD07_L2) in parameterizing atmospheric 
constituents, these were preferentially used; however, when MODIS 
outputs were unavailable, less spectrally-rich, and therefore less accu-
rate and less desirable COMS MI atmospheric outputs, served as an 
alternative [47]. 
Cloud masking was performed to discriminate between clear and 
cloudy areas. In general, cloud optical and physical properties include a 
Fig. 2. Flowcharts of the algorithm adopted for estimating solar energy from the COMS MI satellite (a) and wind energy from NWP MOS products (b).  
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brighter reflectance and colder temperature than any natural objects on 
land [48–50]. Accordingly, conventional threshold cloud mask algo-
rithms drew upon COMS MI spectral bands to discriminate cloudy areas 
through their higher reflectance and colder temperature. The threshold 
values for the COMS MI visible and IR spectral bands were empirically 
determined and reflected the Korean Peninsula’s atmospheric charac-
teristics. For pixels deemed ‘cloudy,’ the solar radiation attenuated by 
the clouds was simulated using a cloud factor, while, for clear areas, the 
solar radiation from atmospheric parameterization was used. Finally, 
the estimated surface solar radiation was compared with ground pyr-
anometer observations in South Korea. 
Based on the Kawamura physical model [43], COMS MI solar radi-
ation estimates were optimized, especially regarding the cloud factor 
[42,51], with the cloud-top reflectance and solar zenith angle being 
considered instead of brightness and temperature since the cloud pass 
depth is more sensitive to the level of irradiance attenuation [43,51]. 






cosθ (1)  
SI ¼SðτOτR   αWÞτA (2)  
SR¼SτOð0:5ð1   τRÞÞτA (3)  
SA¼SðτOτR   αWÞFCω0ð1   τAÞ (4)  
where 
d is the Sun-Earth distance, 
dM is the mean value of d, 
FC is the ratio of forward to total scattering by aerosols,  
I is the solar constant, 
S is the incident solar irradiance, 
SI is the direct solar irradiance, 
SR is the diffuse irradiance by Rayleigh scattering, 
SA is the diffuse irradiance by aerosols, 
αW is the transmittance of water vapor, 
θ is the incident angle of solar zenith, 
τA is the transmittance of aerosols, 
τO is the transmittance of ozone, 
τR is the transmittance from Rayleigh scattering, and 
ωO is the single scattering albedo 
Parameters used for the physical model of satellite-based solar ra-
diation are described in detail in previous studies [42,43,51,52,56]. 
Since the physical models’ solar radiation retrieval process differs ac-
cording to the existence of clouds, following atmospheric parameteri-
zation, cloud masking occurred. Under clear sky conditions, the 
atmospherically parameterized output of solar radiation was termed 
clear sky solar radiation (SDclear): 
SDclear ¼ SI þ SR þ SA (5) 
Alternatively, should a pixel be determined to be cloudy based on the 
result of cloud detection, the cloud attenuation effect was considered in 
calculating the solar radiation under cloudy conditions (SDcloud): 
SDcloud ¼ðSI þ SRþ SAÞ � Cloud Factor (6)  
where the Cloud Factor is the ratio of attenuation by clouds for incident 
solar radiation using the COMS MI visible band and the solar zenith 
angle [51]. Using the COMS MI visible channel, cloud top reflectance 
was observed to indirectly determine cloud optical thickness, i.e., the 
amount of radiation that penetrates the cloud decreases as cloud 
reflectance increases. Additionally, given that cloud attenuation of 
incident solar radiation depends on the cloud pass depth [52], the solar 
zenith angle over the cloudy area was used in determining cloud effects. 
In the case of input parameters such as aerosol optical depth (AOD), 
water vapor, and total ozone, reliable satellite products from MODIS 
were mainly used. The COMS MI, a geostationary satellite, provided 
hourly atmospheric measurements sufficient to parameterize atmo-
spheric effects. The Terra and Aqua satellites only provide twice-a-day 
data, and their MODIS atmospheric outputs do not meet the temporal 
resolution requirements for geostationary satellites; however, in the 
present study, each atmospheric constituent’s daily variation was 
deemed to be negligible. In the case of AOD, which has the widest 
variation and contributes significantly to atmospheric effects, the 
overall root-mean-square error (RMSE, Eq. 11) during the daytime was 
0.123 [57], suggesting that the expected error in solar radiation when 
using daily MODIS outputs would be of little significance. In addition, as 
MODIS and COMS MI atmospheric outputs like aerosols, water vapor, 
and ozone were not available for cloudy days, climatological records of 
aerosols and ozone were used. 
2.3. Statistical correction algorithms for wind power resources at turbine 
height using NWP and satellite data 
Developed by the United Kingdom Meteorological Office [58], 
LDAPS was adopted by the KMA as an operational numerical weather 
prediction system with specific features (Table 3). Wind speed in North 
Korea was estimated using LDAPS data (1.5 km horizontal resolution, 70 
layers covering �40 km vertical resolution) provided by the KMA. The 
JULES (Joint UK Land Environment Simulator) land surface scheme, a 
type of Unified Model (UM), was combined with Korean observation 
systems to balance ground physics and optimize real-time weather 
conditions using a 3-dimensional variation method. 
While LDAPS can successfully simulate 3-dimensional wind fields, 
thereby enabling the estimation of winds at any given elevation, it still 
suffers from data biases. Remotely-sensed measurements of wind ve-
locity at the ground surface were used to capture systematic bias in wind 
speed at turbine height. This bias was corrected using a statistical 
method [32] which used Land Surface Temperature (LST) and normal-
ized difference water index (NDWI) satellite data (Fig. 2b), obtained 
from Terra/MODIS and SPOT/VEGETATION (VGT) measurements, 
respectively. A simple algorithm-based multi regression polynomial 
analysis method, ‘model output statistics’ (MOS), was performed on 
75% of the daily wind speed data acquired at wind turbine height (80 m 
above ground level in South Korea). The remaining 25% of daily wind 
speeds were randomly used for model evaluation. 
SPD¼ f ðSPD:LST;NDWIÞ¼A0þB1 ⋅ SPDþB2 ⋅ LST þB3⋅NDWI (7)  
ðA0;B1;B2;B3Þ¼ ð2:3537; 0:8890;   0:0401; 2:2227Þ (8)  
where SPD is the wind speed. 
To compare solar and wind energy potentials in the same units, the 
wind energy density (W m  2) was calculated using air density (ρ) and 
wind speed: 
Wind power density¼ ρ⋅SPD3 (9)  
Table 3 
Summary of the specific model configurations.  
Parameter Specification 
Horizontal grid 1.5 km (1188 m � 1188 m) 
Vertical layers 70 layers (40 km) 
Data assimilation 3 dimensional variations 
Observations Surface, Sonde, Aircraft, Scat wind, Radial velocity, Radar- 
AWS rain rate 
Land surface 
scheme 
Joint UK Land Environment Simulator  
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2.4. Evaluation of the magnitude of model error 
The magnitude of the modelling error compared to ground mea-
surements was evaluated using two statistical metrics, the mean bias 























n is the number of either predicted or measured values, 
ymeasi is the ith measured value, 
ypredi is the ith predicted value 
Fig. 3. Density scatter plots for COMS MI satellite-based solar radiation vs. ground pyranometer measurements obtained from the Korean Meteorological Agency 
(KMA). Panels (a), (b) and (c) represent the instantaneous clear, instantaneous cloudy, and instantaneous all sky conditions, respectively, whereas panel (d) displays a 
comparison of the daily instantaneous solar radiation. The vertical color bars on the right indicate the frequency of samples within the binning area. For each panel, 
the root mean square error (RMSE) and mean bias error (MBE) are included. (For interpretation of the references to color in this figure legend, the reader is referred 
to the Web version of this article.) 
Fig. 4. Seasonal variation in difference between satellite and ground pyran-
ometer measurements of solar radiation for the year 2014. (Includes the root 
mean square and mean bias errors). 
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Fig. 5. Spatial maps of monthly solar radiance derived from the COMS MI satellite-based physical model [43] for the Korean Peninsula in 2014.  
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3. Results 
3.1. Mapping solar energy resources using satellite products for the 
Korean Peninsula 
Since the evaluation of the magnitude of potential renewable energy 
resources is directly related to the accuracy of satellite-based solar ra-
diation outputs, prior to mapping North Korea’s solar energy resource 
potential, the outputs of the COMS MI satellite were validated against 
accurate readings from well-calibrated ground pyranometers installed at 
a number of South Korean meteorological stations [59] (Fig. 1a). 
Ground pyranometer data served strictly as reference data. Density 
scatter plots of COMS MI satellite-based solar radiation vs. ground pyr-
anometer measurements of solar radiation, were generated on either:  
� instantaneous (hourly, under clear, cloudy, or all sky conditions, 
Fig. 3a,b,c, respectively), or  
� daily cumulated (Fig. 3d), 
time scales. 
Spatial variation in cloud cover, though complex and challenging to 
evaluate, is one of the most important parameters in estimating incident 
solar radiation. Satellite readings showed a closer clustering to the 1:1 
line for instantaneous clear conditions than for instantaneous cloudy 
conditions. This likely occurred due to the physical model over-
estimating solar radiation, given that: (i) the fraction of incident solar 
radiation attenuation by clouds is much greater than that effected by 
other atmospheric constituents (e.g., aerosols, water vapor or ozone), 
and (ii) the evaluation of the complex process of cloud attenuation is 
challenging, leading to the algorithm’s misclassification of thinly- 
clouded areas as clear areas. Indeed, error statistics for the instanta-
neous clear sky conditions (RMSE ¼ 60.99 W m  2, MBE ¼ 12.53 W m  2) 
showed greater model accuracy than for cloudy conditions 
(RMSE ¼ 91.66 W m  2, MBE ¼ 17.63 W m  2), or than the accuracy 
under both conditions combined (RMSE ¼ 87.91 W m  2, 
MBE ¼ 16.84 W m  2). These results indicate that the satellite-based 
products showed, generally, reliable accuracy, but that a trend of 
overestimation exists and must be considered. 
In the density scatterplot of instantaneous all sky conditions vs. 
pyrometer-measured ground solar radiation (Fig. 3c), most points lay on 
or near the 1:1 reference line. Overall, the frequency of the instanta-
neous all sky condition readings appears to be primarily affected by low 
Fig. 6. Maps of the yearly solar radiance over the Korean Peninsula from the COMS MI satellite-based physical model. (a), (b) and (c) are for 2013, 2014, and 2015, 
respectively. 
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solar radiation readings. This is attributable not only to the attenuation 
of solar radiation by clouds but also to low solar elevation angles at 
sunrise and sunset, since geostationary satellite observations occur 
throughout the day. 
A comparison of daily cumulated solar radiation from COMS MI and 
full-day ground measurements showed RMSE and MBE values of 
624.98 Wh m  2 d  1 and 13.89 Wh m  2 d  1, respectively — reasonable 
values, comparable to existing studies [17,35,60,61]. In general, the 
density scatter plot of the daily all sky conditions solar radiation was 
seen to converge more densely on the reference 1:1 line than the 
equivalent scatterplot of instantaneous all sky conditions. 
A plot of seasonal variations in differences between satellite- and 
pyranometer-based solar radiation for 2014 (Fig. 4) shows seasonal 
uncertainties to be well described, with the lowest deviation occurring 
in winter (RMSE ¼ 3.056 Wh m  2 d  1, MSE ¼   0.833 Wh m  2 d  1), and 
the greatest in summer (RMSE ¼ 902.753 Wh m  2 d  1, 
MSE ¼ 586.095 Wh m  2 d  1) when the mid-latitudes of the Korean 
Peninsula experience monsoons, which are major contributors to 
cloudiness. The lower RMSE and MBE values in the winter can, there-
fore, be attributed to less cloudiness in the winter [17]. 
Fig. 5 shows the monthly spatiotemporal variation in the satellite- 
based solar radiation for 2014, with the summer’s high solar resource 
values indicated in red, and the winter’s low solar resource values 
indicated in blue. Overall, differences in the quantity of solar radiation 
with latitude are remarkable, showing that potential solar energy is 
relatively low in North Korea compared to South Korea. In keeping with 
high rates of cloudiness being expected in mountainous areas receiving 
low solar radiation, the fact that variations in solar radiation followed 
the spatial pattern of mountains was evident in all seasonal cases. 
Likewise, as a high probability of cloudiness exists in the atmospheric 
layer over high mountain regions due to physical adiabatic expansion, 
generally low values of solar radiation were noted in the north-south- 
extending high mountain ranges of the western portion of the Korean 
Peninsula. In the case of North Korea, owing to its high latitude and 
greater expanse of mountains, not only does it receive less solar radia-
tion than South Korea, but its spatial patterns are more complex 
(Fig. 1a). 
The greatest solar radiation in North Korea would be expected to 
occur between late June and the end of August 2014, when solar 
elevation is greatest over the mid-latitude region; however, peak solar 
radiation occurred in May (Fig. 5). This can be attributed to the char-
acteristically high rate of cloud cover expected with the Jang-Ma, the 
East Asian monsoon of mid-latitude regions, which, based on KMA data, 
began in the southern portion of Korea on June 17, 2014, moved 
northwards, and ended on July 29, 2014. Indeed, satellite-based ob-
servations showed low solar radiation occurred during the summer 
season (Fig. 5), but these cloudy area observations nonetheless captured 
spatial variation well [42,51,62]. This observation is particularly rele-
vant to the north-south-extending mountainous area located in the 
western part of the Korean Peninsula. This area shows spatial oscillation 
of solar radiation due to the Foehn phenomena caused by strong sea-
sonal winds. In the winter, northwest winds are strong and solar radi-
ation values are low on the mountain range’s western slopes, whereas, 
when the strong southeast winds of the summer (especially in June) 
prevail, eastern upslope sites experience lower radiation due to a Foehn 
wall. 
Annual spatiotemporal variations in solar radiation over the Korean 
Peninsula between 2013 and 2015, pictured in Fig. 6, show the inter-
annual variability in solar energy resources for the Korean Peninsula to 
be much lower than its spatial variability, especially where there is 
complex terrain or a significant latitudinal spread in land mass. 
Furthermore, the effect of topography on incident solar radiation is more 
dominant than the effects of weather variability (e.g., East Asian 
monsoon vs. Foehn wind), as the topographic effect persists over time. 
Despite the meaningful spatiotemporal analysis results for the Korean 
Peninsula found in the present study, further exploration of the accuracy 
of the satellite methodology is suggested to enhance decision-making 
regarding the stronger solar resource trends. 
3.2. Wind power using NWP model methods for estimating wind energy 
resources 
In the case of wind energy resources, the accuracy of the statistically 
corrected NWP model outputs over the study area was validated against 
ground measurements. Since tower wind speed measurements serve as 
standards in many wind power feasibility studies, convectional and 
ultra-sonic anemometer readings of wind speed at a height of 80 m were 
obtained from equipment mounted on the Boseong meteorological 
tower (Table 2). These readings stood as the reference for wind speed in 
evaluating the accuracy of wind fields calculated by the NWP model. 
Unfortunately, such standardized measurements were only available for 
2014. Scatter plots for monthly averaged wind speeds between corrected 
numerical simulations and tower measurements (Fig. 7) show simulated 
wind speed to slightly overestimate reference values 
(RMSE ¼ 0.37 m s  1, MBE ¼ 0.24 m s  1). Nonetheless, these results 
indicate good model performance and compare favorably with those 
reported in previous studies [63]. 
Plots of seasonal differences in wind speed values between NWP and 
meteorological tower measurements allowed for changes in wind energy 
Fig. 7. Scatterplot monthly averaged wind speeds acquired from the Numerical 
Weather Prediction (NWP) model vs. measured data from the Boseong meteo-
rological tower for the year 2014. The dash line represents the 1:1 reference 
line. The root mean square and mean bias error are included. 
Fig. 8. Seasonal variation in monthly averaged wind speed differences between 
Numerical Weather Prediction (NWP) estimates and tower measurements 
for 2014. 
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Fig. 9. Maps of monthly potential wind power resources over the Korean Peninsula for 2014, derived from simulated Weather Research and Forecasting 
(WRF) output. 
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potential to be monitored on a seasonal basis (Fig. 8). The associated 
RMSE was high in winter when the Korean Peninsula experiences strong 
winds, but low in summer, when winds are relatively weak, except 
during the typhoon season of August to September. Both wind and solar 
energy resources show characteristic seasonal uncertainty patterns but 
with opposite trends: for solar radiation, estimation errors increase 
during the cloudy summer, whereas for wind, uncertainty is associated 
with the windy winter season. 
Monthly temporal variations in NWP-derived wind power density 
over both land and ocean in 2014 are shown in Fig. 9. The renewable 
solar energy potential for terrestrial regions is important since current 
solar panel technology is most often restricted to land; however, in the 
case of wind energy resources, the renewable energy potential of both 
land and offshore areas can be exploited [28,64,65]. On land, the 
sensitivity of wind energy resources to latitude is less than that of solar 
radiation, with potential energy varying according to the terrain, espe-
cially in the high mountain regions. The intensities of energy potential 
from wind and solar resources exhibit spatially inverse patterns, e.g., 
high mountains have potentially high wind energy resources due to high 
wind speeds, but low potential solar energy resources due to the high 
frequency of cloudiness. 
Given the low surface roughness of offshore areas, potential wind 
resources are quantitatively and qualitatively greater offshore than on 
land. However, a seasonal pattern of wind resources exists: the Korean 
Peninsula, situated between the Asian continent and the North Pacific 
Ocean, experiences Northwest monsoons in winter due to the Siberian 
continental air-mass, whilst in the summer a Southeast monsoon 
generated by the expansion of North Pacific anticyclones prevails. Ocean 
expanses and coastal areas exhibit more prominent seasonal wind en-
ergy trends than land areas. In winter, the potential is generally high due 
to the strong Northwesterly seasonal winds, which tend to be weak in 
summer. During the winter season, the spatial characteristics of wind 
flow show winds escaping from the inland regions towards the east coast 
of North Korea due to the strong Northwest monsoon. 
As with monthly wind energy maps, yearly spatiotemporal variations 
in wind energy resources over the Korean Peninsula from 2013 to 2015 
(Fig. 10) show clear spatiotemporal patterns for both land and sea areas. 
Offshore regions show relatively greater potential, as higher surface 
roughness within the atmospheric boundary layer lowers the wind en-
ergy potential on land. This pattern is generally consistent with output 
comparisons between high altitude and offshore wind farms, as 
described for International Electrotechnical Commission (IEC) class 
machines operating at 210–320 W m  2, and generating approximately 
5.04–7.68 kWh m  2 d  1 [66]. 
Fig. 10. Maps of annual wind energy resources over the Korean Peninsula based on simulated Weather Research and Forecasting (WRF). (a), (b) and (c) are for 2013, 
2014, and 2015, respectively. 
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3.3. Evaluation of solar and wind potential energy resources in North 
Korea 
As mentioned, North Korea exhibited lower solar energy potential 
than South Korea over the period from 2013 to 2015, largely owing to its 
higher latitudes and more mountainous regions. In the current study, for 
the convenience of spatial analysis, the small administrative districts 
belonging to the larger provinces are included in the provinces. 
Accordingly, a total of nine large provinces were used as the adminis-
trative regions of North Korea (Fig. 1a and Table 4). The mean solar 
energy potential in North Korea during the three-year period was 
3.36 kWh m  2 d  1 (Table 4), which is lower than South Korea’s average 
of 3.65 kWh m  2d  1. 
North Korea’s solar energy potential is reasonably large, and solar 
power plants may still be feasible in the region. Moreover, reflecting the 
geographical characteristics of North Korea, the spatial standard devi-
ation (in parentheses in Table 4) is greater in North Korea than in South 
Korea, and, therefore, site analysis for photovoltaic (PV) installations 
will be more important for developing renewable energy resources in 
North Korea. In comparison with neighboring China’s renewable energy 
potential (2015) of 3.93 kWh m  2 d  1 [17], North Korea’s annual solar 
energy potential (3.43 kWh m  2 d  1) is substantial; North Korea’s 
overall energy potential is comparable to China’ solar energy resources, 
given that China’s Qinghai-Tibet Plateau and Taklimakan Desert have 
relatively low cloudiness. 
In 2015, of the nine provinces in North Korea, South Hwanghae 
exhibited the highest renewable energy resources potential at 3.79 kWh 
m  2 d  1. The current study considered only short-term data, but the 
continuously high amount of solar radiation observed during the 
research period suggests that the South Hwanghae region could sus-
tainably exploit its solar energy resources. Moreover, a considerable 
area of North Korea is covered by low elevation plains and hills, regions 
that could be attractive locations for constructing solar resource 
facilities in terms of topography. 
Based on annual mean values of solar energy (Table 4), Ryanggang 
province showed the lowest solar energy potential at 3.16 kWh m  2 d  1, 
lower still than that of North Hamgyong province (3.18 kWh m  2 d  1), 
which lies in the high latitude region of North Korea. This is possibly due 
to the fact that Ryanggang province is more mountainous than North 
Hamgyong province. 
Examination of potential wind energy resources in the nine admin-
istrative provinces over three years (2013, 2014, and 2015), as well as 
for North Korea as a whole (Table 5), showed the three-year mean wind 
energy resource potential of North Korea to be about 3.44 kWh m  2 d  1, 
which, unlike solar energy resources, exceeds that of South Korea 
(2.88 kWh m  2 d  1). However, wind energy has a much higher spatial 
variance than solar energy (Table 5). Because clouds associated with 
certain types of terrain or regional weather features are intermittent 
rather than continuous, the solar energy potential can fall to very low 
values, though it seldom reaches zero, even in extreme cases. Further-
more, incident solar radiation is partially transmitted through clouds. In 
contrast, wind energy resources are more dependent on the topography 
than on the geographical location or cloudiness; the flow of an air mass 
is most strongly influenced by the effects of the terrain on synoptic and 
microscale circulations. Given the spatial displacement of wind re-
sources’ dependence on topographical characteristics, the spatial devi-
ation was higher in North Korea, with its higher mountains and more 
complex terrain. 
4. Conclusions 
This study is significant and unique in that it quantitatively assessed 
the renewable energy potential of North Korea, a generally inaccessible 
region, using highly reliable satellite data and an NWP model. It serves 
as a first step towards a comprehensive assessment and mapping of 
North Korea’s potential renewable solar and wind energy resources. As 
Table 4 
Evaluation of solar energy potential in the nine administrative provinces and North Korea as a whole for three years (2013, 2014, and 2015).  
Region 2013 2014 2015 Overall mean (Standard deviation) 
Mean (Standard deviation) Mean (Standard deviation) Mean (Standard deviation)  
———————————————————————————— kWh m  2d  1 —————————————————————————— 
Chagang 3.08 (0.13) 3.35 (0.12) 3.29 (0.12) 3.24 (0.17) 
Hamgyong, North 3.04 (0.11) 3.27 (0.12) 3.22 (0.11) 3.18 (0.15) 
Hamgyong, South 3.25 (0.12) 3.44 (0.11) 3.50 (0.12) 3.39 (0.16) 
Hwanghae, North 3.43 (0.08) 3.63 (0.06) 3.69 (0.07) 3.59 (0.13) 
Hwanghae, South 3.53 (0.08) 3.68 (0.06) 3.79 (0.06) 3.67 (0.13) 
Kangwon 3.31 (0.09) 3.48 (0.10) 3.59 (0.07) 3.46 (0.15) 
Pyongan, North 3.32 (0.07) 3.60 (0.07) 3.54 (0.08) 3.48 (0.14) 
Pyongan, South 3.35 (0.12) 3.60 (0.12) 3.62 (0.12) 3.53 (0.17) 
Ryanggang 3.01 (0.13) 3.24 (0.13) 3.22 (0.13) 3.16 (0.16) 
North Korea 3.24 (0.24) 3.45 (0.20) 3.42 (0.22) 3.36 (0.26) 
South Korea 3.64 (0.18) 3.61 (0.11) 3.69 (0.08) 3.65 (0.13)  
Table 5 
Evaluation of wind energy potential in nine administrative provinces and North Korea as a whole for 2013, 2014 and 2015.  
Region 2013 2014 2015 Overall  
Mean (Standard deviation) 
Mean (Standard deviation) Mean (Standard deviation) Mean (Standard deviation)  
———————————————————————————— kWh m  2d  1 —————————————————————————— 
Chagang 1.58 (1.24) 1.50 (1.09) 1.55 (1.09) 1.55 (1.14) 
Hamgyong, North 4.09 (3.54) 4.05 (3.40) 4.09 (3.39) 4.08 (3.44) 
Hamgyong, South 2.82 (2.53) 2.82 (2.47) 2.96 (2.42) 2.87 (2.48) 
Hwanghae, North 2.31 (0.92) 2.18 (0.88) 2.50 (0.98) 2.33 (0.94) 
Hwanghae, South 3.78 (1.73) 3.34 (1.47) 3.56 (1.48) 3.56 (1.57) 
Kangwon 3.16 (2.66) 3.19 (2.49) 3.35 (2.44) 3.23 (2.53) 
Pyongan, North 2.38 (1.20) 2.22 (1.05) 2.23 (1.09) 2.28 (1.12) 
Pyongan, South 2.40 (1.32) 2.39 (1.23) 2.67 (1.30) 2.49 (1.29) 
Ryanggang 2.88 (2.61) 2.83 (2.48) 2.82 (2.27) 2.84 (2.46) 
North Korea 3.54 (2.21) 3.31 (2.04) 3.47 (2.06) 3.44 (2.11) 
South Korea 2.97 (2.16) 2.76 (1.93) 2.90 (1.92) 2.88 (2.01)  
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expected, North Korea, with its highly mountainous terrain, was found 
to have greater potential wind energy resources, compared to South 
Korea. North Korea’s solar potential was slightly lower than South 
Korea’s because of its higher latitude and somewhat cloudier conditions 
during certain times of the year. Nevertheless, solar power facilities may 
be feasible in North Korea if solar energy initiatives like those of South 
Korea are implemented. Solar power is one potential solution to the 
current energy shortage in North Korea; however, owing to large spatial 
variance in solar energy resources in North Korea, further analysis of its 
mountainous terrain is necessary. With regards to wind energy re-
sources, its spatial deviation was much greater than that of solar energy 
resources; therefore, more precise and specific wind resource mapping 
studies incorporating a Geographic Information Systems platform are 
required before initiating the construction of large-scale complexes for 
wind power plants. 
This study represents a meaningful step towards solving the chronic 
energy problems of North Korea. If, as is predicted, the country begins to 
open to outside investment and support [67], the conversations around 
energy will likely expand beyond public energy supply to include 
industrialization. Nevertheless, the first step towards identifying 
possible fixes to the current electricity shortage in North Korea is to 
quantify present potential solar and wind energy resources. Similar 
research in identifying and modelling solar energy potential has recently 
been undertaken using satellite and atmospheric reanalysis data, 
including machine learning algorithms applied for energy exploration 
[68–72]. The current study represents an advancement in exploring 
energy potentials to resolve the current electricity shortages in North 
Korea, and is a step to meeting the UN’s SDG # 7. 
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